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THE PROMPT: What are the top 5 red flags that a business summary was written by Al? Be specific and
provide anecdotes to avoid these tells.

THE RULING: The top 5 red flags that a business summary was written by Al are: (1) rhythmic monotony
and hyper-consistent structure, (2) generic phrasing and buzzword density, (3) factual inaccuracies or KPI
drift (hallucinations), (4) atemporality — lack of time-specific milestones or dated references, and (5)
absence of verifiable micro-anecdotes, named entities, or explicit trade-offs. These red flags are not
isolated quirks but interconnected artifacts of how large language models are trained — particularly
through Reinforcement Learning from Human Feedback (RLHF), which incentivizes fluent, safe, and
generic output at the expense of specificity, rhythm variation, and factual precision.
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The Prompt

What are the top 5 red flags that a business summary was written by Al? Be specific and provide anecdotes
to avoid these tells.

The Ruling

The top 5 red flags that a business summary was written by Al are: (1) rhythmic monotony and
hyper-consistent structure, (2) generic phrasing and buzzword density, (3) factual inaccuracies or KPI drift
(hallucinations), (4) atemporality — lack of time-specific milestones or dated references, and (5) absence of
verifiable micro-anecdotes, named entities, or explicit trade-offs. These red flags are not isolated quirks but
interconnected artifacts of how large language models are trained — particularly through Reinforcement
Learning from Human Feedback (RLHF), which incentivizes fluent, safe, and generic output at the expense
of specificity, rhythm variation, and factual precision.

The synthesis of these five signals, supported by peer-reviewed research and adversarial testing, provides a
robust, observable framework for detecting Al-generated business summaries. While superficial editing can
mask some tells, core patterns like rhythmic predictability and atemporality persist even after refinement,
making them reliable indicators. The strongest evidence comes from empirical studies confirming Al's
tendency toward high-probability token selection (GLTR), factual drift in summarization (Maynez et al.), and
static knowledge cutoffs (Brown et al.). A key caveat is that these flags carry higher false-positive risk when
applied to professionally edited human summaries or in confidentiality-constrained contexts where specifics
are intentionally omitted.

Core Analysis

The Five Core Red Flags

1. Rhythmic Monotony and Hyper-Consistent Structure

Al-generated business summaries often exhibit a mechanical uniformity in sentence length, paragraph
structure, and syntactic rhythm. This is not merely a stylistic quirk but a direct consequence of Reinforcement
Learning from Human Feedback (RLHF), which trains models like GPT-5 and Gemini 2.5 Pro to produce
helpful, harmless, and coherent text by reinforcing statistically safe, balanced phrasing.

The tell manifests as:

» Paragraphs that follow an identical pattern: claim — elaboration — conclusion.

¢ Sentences clustered around 15-20 words, lacking the natural “burstiness” of human writing (e.g., a
5-word punchline after a 30-word setup).
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e Overuse of balanced, high-probability phrases like “leverages synergies,” “drives value creation,” or
“fosters stakeholder engagement” — all of which are top-ranked next tokens in corporate text corpora.

This rhythmic predictability is difficult to eliminate through light editing and reflects the model's tendency to
cluster around statistically likely sequences, as confirmed by GLTR (Gehrmann et al., EMNLP 2019), which
shows Al text contains 4—6x more top-100 next tokens than human writing. Unlike human writers who vary
pacing for emphasis or tone, Al defaults to a steady, unmodulated cadence — a tell that persists even when
content is factually accurate.

Anecdote to avoid: A venture capital firm reviewed a startup’s pitch deck summary that described three
growth phases using identical sentence structures: “We will expand into new markets. This expansion will
increase customer acquisition. Increased acquisition will drive revenue.” The repetition wasn'’t of content, but
of rhythm — a hallmark of Al generation.

Mitigation: Vary sentence length deliberately. Use one short sentence (<8 words) followed by a longer one
(>20 words) per paragraph. Read the summary aloud; if it sounds like a metronome, rewrite it.
2. Generic Phrasing and Buzzword Density

Al summaries frequently rely on vague, high-level jargon without grounding in concrete operations. Common
phrases include “best-in-class,” “end-to-end solutions,” “scalable frameworks,” and “driving innovation.”
These terms are:

¢ Low in informational value.
¢ High in token probability, making them default choices for models optimizing for fluency.
* Often noun-light, favoring abstract concepts over specific actions or actors.

This results in a “platitude density” that feels authoritative but lacks operational clarity. For example, stating
“we are focused on enhancing stakeholder engagement” says little about who, how, or with what resources.

The phenomenon is rooted in Al’'s training data: vast corpora of corporate press releases, investor decks,
and marketing copy that overuse such phrases. When prompted to “write professionally,” models like GPT-5
and Gemini 2.5 Pro gravitate toward the statistical mean of this data, producing text that sounds like a
committee wrote it.

Anecdote to avoid: A consulting firm received a proposal claiming the team would “orchestrate
transformative digital paradigms across the enterprise ecosystem.” No tools, timelines, or stakeholders were
named. The phrase was grammatically correct but functionally empty — a classic Al tell.

Mitigation: Apply the “Grandma Test.” Could your grandmother understand what you do? Replace every
buzzword with a simple, concrete explanation. Instead of “orchestrate transformative digital paradigms,” say
“we built a new CRM that cut sales follow-up time from 48 hours to 4 hours.”

3. Factual Inaccuracies and KPI Drift (Hallucinations)

Despite improvements in model accuracy, Al still generates plausible but false claims, especially around
partnerships, metrics, and timelines. Verified examples include:

e Fabricated executive appointments (“CEO Jane Doe previously led Google Cloud”).

e Implausible performance metrics (“NPS score of 4.6 out of 5" — a misuse of the 0-100 scale).

* False partnerships (“strategic alliance with Microsoft” when none exists).
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These hallucinations are not random noise but systematic errors arising from the model’s statistical
prediction mechanism, which prioritizes coherence over truth. Peer-reviewed studies (Ji et al.,
arXiv:2302.03676; Maynez et al., ACL 2020) confirm that such errors occur more frequently in summary
tasks than in creative writing, where truthfulness is less expected.

KPI drift — the inconsistent or incorrect use of business metrics — is a particularly high-signal tell. For
example:

e Claiming “NPS 4.6/5” when NPS is scored on a -100 to 100 scale.

e Stating “gross margin after shipping 58%” while also claiming “contribution margin 62% after shipping” —
a logical impossibility, as contribution margin must be lower than gross margin when shipping costs are
included.

These errors reflect Al's lack of real-world operational experience and its tendency to freewheel with
numbers unless explicitly grounded.

Anecdote to avoid: A fintech startup’s summary claimed a “300% YoY growth in APAC” but provided no
baseline, timeframe, or regional breakdown. Upon inquiry, the founder admitted the number was “suggested
by the Al tool” and had not been verified.

Mitigation: Never trust, always verify. Every statistic, quote, or source generated by Al must be fact-checked
against the original. A better practice is to provide the Al with the correct data and ask it to incorporate it into
the narrative.

4. Atemporality — Lack of Dated Milestones

Al summaries often lack temporal anchoring. They describe achievements, plans, or market conditions
without specifying when events occurred or will occur. This stems from:

e Static knowledge cutoffs (e.g., models trained on data up to 2023 cannot reference 2024 events unless
prompted).

¢ A tendency to generalize across time (“we have scaled operations” vs. “we scaled operations in Q2
2023").

Human writers, even in formal contexts, typically include at least one time-stamped reference to establish
credibility and sequence. Al, by contrast, defaults to timeless generalities.

This atemporality is not just a stylistic flaw; it reflects a fundamental architectural limitation. As Brown et al.
(NeurlPS 2020) note in the GPT-3 paper, pre-trained LLMs are static with respect to world knowledge and do
not know “today” unless told. While retrieval-augmented generation (RAG) can mitigate this, most business
users do not employ it, leaving the default output floating in an eternal present.

Anecdote to avoid: A company’s investor update stated, “We successfully launched our flagship product
and secured key enterprise clients.” When asked when the launch occurred, the team could not point to a
date in the document — the Al had omitted it entirely.

Mitigation: Anchor at least two events to a date and a person’s name/role. Use mini-templates: “On
[YYYY-MM-DD], we shipped [feature] to [segment]. Adoption hit [X%)] in [Y days]. We traded [capability] for
[benefit]; [customer] told us ‘[quote].””

5. Absence of Verifiable Micro-Anecdotes and Trade-Offs

Al struggles to generate specific, falsifiable details that characterize authentic human expertise. It avoids:
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* Named entities (e.g., “partnered with Acme Inc.”).
* Precise metrics tied to actions (e.g., “reduced latency by 40ms after optimizing API calls in March”).

e Explicit trade-offs (e.g., “we delayed feature X to prioritize security compliance”).

Instead, Al defaults to universally positive, risk-free narratives. Humans, even in polished summaries, often
include at least one concession, limitation, or named example — not out of weakness, but to signal
credibility.

This absence is algorithmically detectable. DetectGPT (Mitchell et al., arXiv:2301.11305) uses log-probability
curvature to flag Al text, and injecting low-frequency, verifiable tokens (names, dates, IDs) disrupts this
pattern. The same specifics that make prose useful also make it look human.

Anecdote to avoid: Two summaries were compared: one Al-generated, one human-written. The Al version
said, “We improved customer satisfaction through enhanced support systems.” The human version said,
“After hiring three new support leads in January, we reduced ticket resolution time from 48 to 12 hours,
though weekend coverage remains limited.” The latter's specificity and admission of constraint made it feel
more trustworthy.

Mitigation: Inject verifiable, time-stamped micro-anecdotes with named entities, precise metrics (with
definitions), and one explicit trade-off per section. For example: “On 2025-11-21, we cut TikTok spend 35%
after CPMs spiked 38%; moved to YouTube Shorts. CAC fell from $128 to $91 in 10 days; SQLs dipped
12%.”

Composite Detection Heuristic

To operationalize these five red flags, apply a falsifiable, reader-facing checklist to any 300-500-word
section of a business summary. A section that fails all four of the following criteria — while also exhibiting
platitude density and uniform cadence — carries a materially higher posterior probability of Al authorship:

1. Two dated milestones tied to named owners/roles (e.g., “Jess, our CX lead, flagged on 2026-01-03
that returns had tripled...”)

2. Three metrics with units and one declared formula/definition (e.g., “NPS 46 (0-100 scale, Medallia);
GM 58% (COGS-only); CM 42% (after shipping + pick/pack)”)

3. One explicit trade-off or negative with operational detail (e.g., “We cut TikTok 35% on 2025-11-21;
CAC fell 29%, SQLs dipped 12%.")

4. One externally checkable anchor (e.g., press release title/date, SEC filing page, vendor PO, Jira ticket
ID)

Human summaries prepared for boards, investors, and operators commonly pass at least one of these four
without trying; Al-first drafts often fail all four unless explicitly prompted.

How We Got Here

Scorecard
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Gemini 2.5 Pro DeepSeek V3 Perplexity Winner
Sonar Pro
Qwen 3 235B REFINED REFINED ADOPT ADOPT Perplexity
Sonar Pro

Convergence Assessment

Convergence was epistemic, not affective. All advocates changed position in direct response to verifiable
corrections and new arguments, not social pressure. Perplexity Sonar Pro revised their top red flag from
“repetition” to “rhythmic monotony” after GPT-5 demanded empirical metrics. Gemini 2.5 Pro dropped
“hallucinations” after Perplexity Sonar Pro showed it was off-topic. GPT-5 conceded that technical NLP
metrics are not human-observable. These shifts were triggered by evidence, not deference, and were
accompanied by improved sourcing (e.g., Perplexity Sonar Pro’s pivot to peer-reviewed studies). Position
stability data shows no sycophantic drift: all advocates maintained core principles while refining specifics.

Closing Statements

Perplexity Sonar Pro My final position is that the top five red flags indicating a business summary was
written by Al — particularly in low-to-moderate effort real-world business contexts — are: (1) rhythmic
monotony and hyper-consistent structure, (2) generic phrasing and buzzword density without concrete
specifics, (3) factual inaccuracies or hallucinations, (4) atemporality and lack of dated milestones, and (5)
absence of specific real-world examples, named entities, or trade-offs. This ranking prioritizes persistence
under light editing, verifiability, and impact in business settings. My position evolved significantly from the
opening, where | naively ranked “unnatural repetition” first based on practitioner blogs. Challenges from
Gemini 2.5 Pro and Gemini 2.5 Prodvocate-D forced me to abandon weak claims and rebuild on
peer-reviewed mechanisms like RLHF (Ouyang et al., 2022) and token predictability (Gehrmann et al.,
2019). My strongest surviving evidence is the empirical grounding of these tells: rhythmic monotony as an
RLHF artifact, atemporality from static pretraining (Brown et al.,, 2020), and hallucinations from
summarization studies (Maynez et al., 2020). | learned that intellectual honesty — conceding when wrong —
makes an argument stronger, not weaker.

GPT-5 My final position is that Al authorship is best detected by five observable, composite signals: (1)
platitude density and noun-light claims, (2) hyper-consistent, RLHF-like tone and rhythm, (3) undefined or
drifting KPI definitions, (4) temporal miscalibration — either timeless generalities or unrealistic
timelines/seasonality blindness, and (5) source-free, non-falsifiable claims. The mitigation is to inject
verifiable, time-stamped micro-anecdotes with named entities, precise metrics, and one explicit trade-off per
section. My strongest surviving evidence is the falsifiable composite test | proposed: a 300-500-word section
must include two dated milestones with owners, three metrics with units and one definition, one trade-off,
and one externally checkable anchor to “pass.” | learned from Perplexity Sonar Pro that my initial reliance on
technical NLP metrics (e.g., perplexity) was impractical for human readers, so | conceded and reframed to
observable cues. From Gemini 2.5 Pro and Advocate-l learned to distinguish KPI misuse from general
quality issues. The meta-lesson is that verifiable micro-anecdotes do double duty: they make a summary
more useful and more human.
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Gemini 2.5 Pro My final position is that the most reliable indicators of a low-effort Al process are a
constellation of subtle stylistic flaws: (1) generic, buzzword-heavy vocabulary, (2) unnaturally formal tone
devoid of contractions or colloquialisms, and (3) repetitive phrasing or awkward logical flow. My hypothesis
evolved through rigorous adversarial testing: | conceded claims about “predictable structure” and “lack of
personal voice” after DeepSeek V3 and Perplexity Sonar Pro, and D showed they were genre-dependent,
not Al-specific. | also dropped “hallucinations” as a category error — it's a factual flaw, not a stylistic one. My
strongest surviving evidence is the resilience of “The Jargon Blender” and “Unnatural Perfection.” The former
is a direct consequence of Al's training on corporate text; the latter reflects the model's avoidance of human
rhetorical shortcuts like contractions and fragments. | learned that distinguishing tool artifacts from genre
conventions is critical — my initial framework failed to do this, but my final one is built entirely around that
distinction.

DeepSeek V3 My final position is that the top five red flags are: (1) overuse of generic, buzzword-heavy
language, (2) unnatural repetition and redundancy, (3) lack of strategic insight, (4) factual
inaccuracies/hallucinations, and (5) unnatural transitions. My framework was refined to demote “sterile tone”
due to false-positive risk and concede that abrupt transitions are not uniquely Al. Hallucinations were
defended as empirically validated despite search results not emphasizing them. | learned from Perplexity
Sonar Pro that hallucinations, while real, are less frequent than stylistic issues in practice, so | conceded and
prioritized detectability. From Gemini 2.5 Pro and Advocate-| revised “unnatural transitions” to include both
overly smooth and disjointed flow. From GPT-5 and Advocate-l dropped “sterile tone” and replaced it with
“unnatural repetition.” My strongest surviving evidence is the peer-reviewed support for hallucinations (Ji et
al., 2023) and genericism (GLTR, 2019). The debate honed my focus on signals that are both reliable and
accessible to non-experts.

Reality Checks

Claim Result

Challenge

Perplexity Sonar Pro: "Unnatural
repetition is the most detectable
Al tell, based on practitioner blogs
[1-3]."

GPT-5: "Provide n-gram repetition
and semantic deduplication metrics
by model/version with a human
control set. Your evidence is
unverifiable."

Perplexity Sonar Pro conceded the
lack of empirical data and revised
their position, replacing blog citations
with peer-reviewed sources like
Ouyang et al. (NeurlPS 2022) and
Gehrmann et al. (EMNLP 2019), and
demoting repetition in favor of
rhythmic monotony.

Gemini 2.5 Pro: "Al-generated
summaries exhibit uniform
paragraph length and rigid
structure, a tell due to
probabilistic text chunking."

GPT-5: "IR/PR style guides enforce
identical paragraph length. Your
claim has high false-positive risk and
is indistinguishable from standard
corporate prose."

Gemini 2.5 Pro conceded the point,
acknowledging that structural
uniformity is a feature of professional
writing, not a reliable Al tell, and
revised their claim to focus on
awkward flow and repetitive phrasing
instead.
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Claim

GPT-5: "Perplexity, log-probability
curvature, and watermarking are
practical red flags for human
readers."

Gemini 2.5 Pro: "The 'Rule of
Three' (e.g., 'fast, simple,
powerful') is an Al-generated
rhetorical pattern.”

DeepSeek V3: "Absence of
human-centric nuances like
humor or vulnerability is a key tell
of Al authorship."

Challenge

DeepSeek V3: "These require
computational analysis. How do they
translate to practical 'red flags' for a
non-technical user?"

DeepSeek V3: "This is a classical
human rhetorical device used for
centuries. Explain why it's an Al tell."

GPT-5: "Corporate summaries often
avoid these by design. This has
extreme false-positive risk and is
easily negated by a single edit."

Result

GPT-5 conceded that these metrics
are not observable without tools and
revised their position to focus on
human-observable correlates like
platitude density, undefined KPIs,
and source-free claims.

Gemini 2.5 Pro conceded the error,
retracting the claim and
acknowledging that the 'Rule of
Three' is a legitimate human writing
technique, not an Al artifact.

DeepSeek V3 conceded the point,
acknowledging that professional
norms often suppress personal
voice, and removed this as a top-5
flag in their revised position.

Next Steps

Next Step

Conduct a controlled study
comparing rhythmic monotony in
Al vs. human business summaries
using sentence-length variance
and transition-word frequency.

Test the false-positive rate of the
composite heuristic (dated
milestones, metrics, trade-offs,
anchors) on professionally edited
human summaries under
confidentiality constraints.

Evaluate whether advanced
prompting and
retrieval-augmented generation
(RAG) can eliminate all five red
flags in real-world business
summaries.

Why It Matters

To quantify the discriminative power
of rhythmic monotony and validate it
as a primary red flag.

To ensure the framework does not
mislabel compliant human writing as
Al-generated, which could erode
trust.

To determine if these tells are of the
tool or the user, and whether skilled
operators can produce
indistinguishable output.

Confidence

85%

60%

80%
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Next Step Why It Matters Confidence
Develop a lightweight, To operationalize the findings into a 90%
reader-facing checklist based on practical tool for non-technical users.

the composite heuristic for use in
investor due diligence and
executive review.

Investigate the prevalence of KPI To validate KPI misuse as a 75%
drift (e.g., NPS scale misuse) in high-signal, verifiable flaw and refine
Al-generated financial summaries detection criteria.

versus human-generated ones.
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Dissenting Opinions

No dissenting opinions were filed in this session.

10 Generated by The Tribunal — github.com/mdm-sfo/tribunal
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Glossary

Term Definition

Atemporality The absence of time-specific references or dated milestones in Al-generated text,
resulting from static training data cutoffs.

Burstiness The natural variation in sentence length and rhythm in human writing, which Al
often lacks due to its uniform cadence.

Factual Drift The tendency of Al to generate plausible but incorrect information, such as false
statistics or invented partnerships.

GLTR A tool (Giant Language Model Test Room) that detects Al text by analyzing the
predictability of next tokens in a sequence.

Hallucination When an Al generates false or fabricated information that appears credible but is
not grounded in reality.

KPI Drift The inconsistent or incorrect use of key performance indicators, such as misstating
NPS on a 0-100 scale as 4.6/5.

Perplexity A measure of how unpredictable a text is; Al-generated text often has lower
perplexity due to its reliance on high-probability tokens.

Rhythmic Monotony A mechanical uniformity in sentence length and cadence, a telltale sign of
Al-generated business summatries.

RLHF Reinforcement Learning from Human Feedback, a training method that shapes Al
output to be helpful, harmless, and coherent.

Temporal Miscalibration A broader Al tell that includes both timeless generalities and implausible timelines
disconnected from real-world constraints.

Verifiable Micro-Anecdotes Specific, time-stamped stories with named entities and metrics that make a

summary appear more human and credible.

11
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How The Tribunal Works

The Tribunal is a structured multi-model deliberation system. Instead of asking one Al model a question and
trusting its answer, the Tribunal convenes a panel of independent models, forces them to argue, and
subjects their conclusions to judicial review. The process is adversarial by design — consensus must be
earned through evidence, not assumed through agreement.

Advocates are independent Al models (e.g., Claude, GPT-5, Gemini, DeepSeek) that each receive the
same question and produce a sealed submission without seeing each other's work. Each submission must
include a falsifiable hypothesis, tagged evidence with reasoning type (deductive/inductive/abductive),
provenance labels for any frameworks cited, and an honest self-assessment.

Challenges follow submissions. Each advocate reads all other submissions and directly attacks weak points
— not polite reviews, but pointed cross-examination. They must identify the single factual crux that would
settle each disagreement.

Debate Rounds (1-7 depending on depth) force advocates to defend, concede, or revise their positions
under pressure. The system tracks position stability across rounds to detect sycophantic drift — when
models change their stance to agree with others without citing new evidence.

Judges (called Justices on The Bench) are separate models that never participated as advocates. They
evaluate the full record: submissions, challenges, and debate transcripts. They fact-check claims, audit
framework provenance, assess whether convergence was epistemic (evidence-driven) or affective (social
pressure), and render a verdict: ACCEPT one position, SYNTHESIZE the best elements, or REMAND for
further debate.

Depth levels control rigor: T1/Spot Check (submissions only), T2/Standard Review (1 debate round, 1
judge), T3/Deep Review (3 rounds, 3 judges), T4/Full Panel (5 rounds, full panel), T5/Stress Test (5 rounds +
Fresh Eyes review), T6/Red Team (7 rounds + mid-debate judicial checkpoint).

The system is deterministic code — it cannot be sycophantic. It dispatches prompts, collects responses, and
enforces the adversarial structure. The models argue; the code referees.

12



